In this paper, we propose a novel approach for text detection in natural images. Both local and global cues are taken into account for localizing text lines in a coarse-to-fine procedure. First, a Fully Convolutional Network (FCN) model is trained to predict the salient map of text regions in a holistic manner. Then, text line hypotheses are estimated by combining the salient map and character components. Finally, another FCN classifier is used to predict the centroid of each character, in order to remove the false hypotheses. The framework is general for handling text in multiple orientations, languages and fonts. The proposed method consistently achieves the state-of-the-art performance on three text detection benchmarks: MSRA-TD500, ICDAR2015 and ICDAR2013.
Introduction
Driven by the increasing demands for many computer vision tasks, reading text in the wild (from scene images) has become an active direction in this community. Though extensively studied in recent years, text spotting under uncontrolled environments is still quite challenging. Especially, detecting text lines with arbitrary orientations is an extremely difficult task, as it takes much more hypotheses into account, which drastically enlarges the searching space. Most existing approaches are successfully designed for detecting horizontal or near-horizontal text [3, 4, 15, 17, 2, 8, 6, 35, 23, 20, 27] . However, there is still a large gap when applying them to multi-oriented text, which has been verified by the low accuracies reported in the recent ICDAR2015 competition for text detection [10] .
Text, which can be treated as sequence-like objects with unconstrained lengths, possesses very distinctive appearance and shape compared to generic objects. Consequently, the detection methods in scene images based on * Authors contributed equally † Corresponding author sliding windows [8, 25, 3, 24, 17] and connected component [16, 6, 4, 32, 28] have become mainstream in this specific domain. In particular, the component-based methods utilizing Maximally Stable Extremal Regions (MSER) [15] as the basic representations achieved the state-of-theart performance on ICDAR2013 and ICDAR2015 competitions [11, 10] . Recently, [6] utilized a convolution neural network to learn highly robust representations of character components. Usually, the component grouping algorithms including clustering algorithms or some heuristic rules are essential for localizing text at a word or line level.
As an unconventional approach, [35] directly hits text lines from cluttered images, benefiting from symmetry and selfsimilarity properties of them. Therefore, it seems that both local (character components) and global (text regions) information are very helpful for text detection. In this paper, an unconventional detection framework for multi-oriented text is proposed. The basic idea is to integrate local and global cues of text blocks with a coarse-tofine strategy. At the coarse level, a pixel-wise text/non-text salient map is efficiently generated by utilizing a Fully Convolutional Network (FCN) [12] . We show that the salient map provides a powerful guidance for estimating orientations and generating candidate bounding boxes of text lines, while combining it with local character components. More Figure 2 . specifically, the pipeline of the proposed detection framework is shown in Fig. 1 . First, a salient map is generated and segmented into several candidate text blocks. Second, character components are extracted from the text blocks. Third, projections of the character components are used for estimating the orientation. Then, based on the estimated orientation, all candidate bounding boxes of text lines are constructed by integrating cues from the components and the text blocks. Finally, detection results are obtained by removing false candidates through a filtering algorithm.
Our contributions are in three folds: First, we present a novel way for computing text salient map, through learning a strong text labeling model with FCN. The text labeling model is trained and tested in a holistic manner, highly stable to the large scale and orientation variations of scene text, and quite efficient for localizing text blocks at the coarse level. In addition, it is also applicable to multi-script text. Second, an efficient method for extracting bounding boxes of text line candidates in multiple orientations is presented. We show that the local (character components) and the global (text blocks from the salient map) cues are both helpful and complementary to each other. Our third contribution is to propose a novel method for filtering false candidates. We train an efficient model (another FCN) to predict character centroids within the text line candidates. We show that the predicted character centroids provide accurate positions of each character, which are effective features for removing the false candidates. The proposed detection framework achieves the state-of-the-art performance on both horizontal and multi-oriented scene text detection benchmarks.
The remainder of this paper is organized as follows: In Sec. 2, we briefly review the previously related work. In Sec. 3, we describe the proposed method in detail, including text block detection, strategies for multi-oriented text line candidate generation, and false alarm removal. Experimental results are presented in Sec. 4. Finally, conclusion remarks and future work are given in Sec. 5.
Related Work
Text detection in natural images has received much attention from the communities of computer vision and document analysis. However, most text detection methods focus on detecting horizontal or near-horizontal text mainly in two ways: 1) localizing the bounding boxes of words [4, 3, 17, 15, 18, 33, 5, 6] , 2) combining detection and recognition procedures into an end-to-end text recognition method [8, 28] . Comprehensive surveys for scene text detection and recognition can be referred to [30, 36] .
In this section, we focus on the most relevant works that are presented for multi-oriented text detection. Multi-oriented text detection in the wild is first studied by [31, 29] . Their detection pipelines are similar to the traditional methods based on connected component extraction, integrating orientation estimation of each character and text line. [9] treated each MSER component as a vertex in a graph, then text detection is transferred into a graph partitioning problem. [32] proposed a multi-stage clustering algorithm for grouping MSER components to detect multi-oriented text. [28] proposed an end-to-end system based on SWT [4] for multi-oriented text. Recently, a challenging benchmark for multi-oriented text detection has been released for the IC-DAR2015 text detection competition, and many researchers have reported their results on it.
In addition, it is worth mentioning that both of the recent approaches [25, 8, 6] and our method, which used the deep convolutional neural network, have achieved superior performance over conventional approaches in several aspects: 1) learn a more robust component representation by pixel labeling with CNN [8] ; 2) leverage the powerful discrimination ability of CNN for better eliminating false positives [6, 35] ; 3) learn a strong character/word recognizer with CNN for end-to-end text detection [25, 7] . However, these methods only focus on horizontal text detection.
Proposed Methodology
In this section, we describe the proposed method in detail. First, text blocks are detected via a fully convolutional network (named Text-Block FCN). Then, multi-oriented text line candidates are extracted from these text blocks by taking the local information (MSER components) into account. Finally, false text line candidates are eliminated by the character centroid information. The character centroid information is provided by a smaller fully convolutional network (named Character-Centroid FCN).
Text Block Detection
In the past few years, most of the leading methods in scene text detection are based on detecting characters. In early practice [16, 18, 29] , a large number of manually designed features are used to identify characters with strong classifiers. Recently, some works [6, 8] have achieved great performance, adopting CNN as a character detector. However, even the state-of-the-art character detector [8] still performs poorly at complicated background ( Fig. 4 (b) ). The performance of the character detector is limited due to three aspects: firstly, characters are susceptible to several conditions, such as blur, non-uniform illumination, low resolution, disconnected stroke, etc.; secondly, a great quantity of elements in the background are similar in appearance to characters, making them extremely hard to distinguish; thirdly, the variation of the character itself, such as fonts, colors, languages, etc., increases the learning difficulty for classifiers. By comparison, text blocks possess more dis-tinguishable and stable properties. Both local and global appearances of text block are useful cues for distinguishing between text and non-text regions ( Fig. 4 (c) ).
Fully convolutional network (FCN), a deep convolutional neural network proposed recently, has achieved great performance on pixel level recognition tasks, such as object segmentation [12] and edge detection [26] . This kind of network is very suitable for detecting text blocks, owing to several advantages: 1) It considers both local and global context information at the same time.; 2) It is trained in an end-to-end manner; 3) Benefiting from the removal of fully connected layers, FCN is efficient in pixel labeling. In this section, we learn a FCN model, named Text-Block FCN, to label salient regions of text blocks in a holistic way. Text-Block FCN We convert the VGG 16-layer net [22] into our text block detection model that is illustrated in Fig. 3 . The first 5 convolutional stages are derived from the VGG 16-layer net. The receptive field sizes of the convolutional stages are variable, contributing to that different stages can capture context information with different sizes. Each convolutional stage is followed by a deconvolutinal layer (equals to a 1 × 1 convolutional layer and a upsampling layer) to generate feature maps of the same size. The discriminative and hierarchical fusion maps are then the concatenation in depth of these upsampled maps. Finally, the fully-connected layers are replaced with a 1 × 1 convolutional layer and a sigmoid layer to efficiently make the pixel-level prediction.
In the training phase, pixels within the bounding box of each text line or word are considered as the positive region for the following reasons: firstly, the regions between adjacent characters are distinct in contrast to other non-text regions; secondly, the global structure of text can be incorporated into the model; thirdly, bounding boxes of text lines or words are easy to be annotated and obtained. An example of the ground truth map is shown in Fig. 5 . The cross-entropy loss function and stochastic gradient descent are used to train this model.
In the testing phase, the salient map of text regions, leveraging all context information from different stages, is computed by the trained Text-Block FCN model at first. As shown in Fig. 2 , the feature map of stage-1 captures more local structures like gradient ( Fig. 2 (b) ), while the higher level stages capture more global information ( Fig. 2 (e) (f)). Then, the pixels whose probability is larger than 0.2 are reserved, and the connected pixels are grouped together into several text blocks. An example of the text block detection result is shown in Fig. 1 (c) . 
Multi-Oriented Text Line Candidate Generation
In this section, we introduce how to form multi-oriented text line candidates based on text blocks. Although the text blocks detected by the Text-Block FCN provide coarse localizations of text lines, they are still far from satisfactory. To further extract accurate bounding boxes of text lines, taking the information about the orientation and scale of text into account is required. Character components within a text line or word reveal the scale of text. Besides, the orientation of text can be estimated by analyzing the layout of the character components. At first, we extract the character components within the text blocks by MSER [16] . Then, similar to many skew correction approaches in document analysis [19] , the orientation of the text lines within a text block is estimated by component projection. Finally, text line candidates are extracted by a novel method that effec-tively combines block-level (global) cue and componentlevel (local) cue.
Character Components Extraction. Our approach uses MSER [16] to extract the character components ( Fig. 1(d) ) since MSER is insensitive to variations in scales, orientations, positions, languages and fonts. Two constraints are adopted to remove the most of false components: area and aspect ratio. Specifically, the minimal area ratio of a character candidate needs to be more than the threshold T 1 , and the aspect ratio of them must be limited to
. Under these two constraints, the most of the false components are excluded.
Orientation Estimation. In this paper, we assume that text lines from the same text block have a roughly uniform spatial layout, and characters from one text line are in the arrangement of straight or near-straight line. Inspired by projection profile based skew estimation algorithms in documents analysis [19] , we propose a projection method according to counting components, in order to estimate the possible orientation of text lines. Suppose the orientation of text lines within a text block is θ, and the vertical-coordinate offset is h, we can draw a line across the text block (as the green or red line is shown in Fig. 6(b) ). And the value of counting components Φ(θ, h) equals the number of the character components that are passed through by the line. Since the component number in the right direction often has the maximum value, the possible orientation θ r can be easily found if we have statistics on the peak value of counting component in all directions (Fig. 6(a) ). By this means, θ r can be easily calculated as the following formulation:
where Φ(θ, h) represents the number of components when the orientation is θ and the vertical-coordinate offset is h. Text Line Candidate Generation. Different from component based methods [16, 4, 6] , the process of generating text line candidates in our approach does not require to catch all the characters within a text line, under the guidance of a text block. First, we divide the components into groups. A pair of the components (A and B) within the text block α are grouped together if they satisfy following conditions:
where H(A) and H(B) represent the heights of A and B ,  O(A, B) represents the orientation of the pair, and θ r (α) is the estimated orientation of α. Then, for one group β = {c i }, c i is i-th component, we draw a line l along the orientation θ r (α) passing the center of β. The point set P is defined as:
where B(α) represents the boundary points of α. Finally, the minimum bounding box bb of β is computed as a text line candidate: (5) where denotes the minimum bounding box that contains all points and components. Fig. 7 illustrates this procedure. We repeat this procedure for each text block to obtain all the text line candidates within an image. By considering both of the two level cues at the same time, our approach has two advantages compared to component based methods [16, 4, 6] . First, under the guidance of text blocks, MSER components are not required to catch all characters accurately. Even though some characters are missed or partially detected by MSER, the generation of text line candidates will not be affected (such as the three candidates found at Fig. 7) . Second, the previous works [29, 9, 32] of multi-oriented text detection in natural scenes usually estimate the orientation of text based on the character level with some fragile clustering/grouping algorithms. This kind of methods is sensitive to missing characters and non-text noise. Our method estimates the orientation from the holistic profile by using a projection method, which is more efficient and robust than character clustering/grouping based methods.
Text Line Candidates Classification
A fraction of the candidates generated in the last stage (Sec. 3.2) are non-text or redundancy. In order to remove false candidates, we propose two criteria based on the character centroids of text line candidates. To predict the character centroids, we employ another FCN model, named Character-Centroid FCN.
Character-Centroid FCN The Character-Centroid FCN is inherited from the Text-Block FCN (Sec. 3.1), but only the first 3 convolutional stages are used. Same as the Text-Block FCN, each stage is followed by a 1 × 1 convolutional layer and a upsampling layer. The fully-connected layers are also replaced with a 1 × 1 convolutional layer and a sigmoid layer. This network is trained with the cross-entropy loss function as well. In general, the Character-Centroid FCN is a small version of the Text-Block FCN.
Several examples along with ground truth maps are shown in Fig. 8 . The positive region of the ground truth map consists of the pixels whose distance to the character centroids is less than 15% of the height of the corresponding character. In the testing phase, we can obtain the centroid probability map of a text line candidate at first. Then, extreme points E = {(e i , s i )} on the map are collected as the centroids, where e i represents i-th extreme point, and s i represents the score defined as the value of the probability map on e i . Several examples are shown in Fig. 9 .
In order to remove false candidates, two intuitive yet effective criteria based on intensity and geometric properties are adopted, after the centroids are obtained:
Intensity criterion. For a text line candidate, if the number of the character centroids n c < 2, or the average score of the centroids s avg < 0.6, we regard it as a false text line candidate. The average score of the centroids is defined as:
Geometric criterion. The arrangement of the characters within a text line candidate is always approximated to a straight line. We adopt the mean of orientation angles μ and the standard deviation σ of orientation angles between the centroids to characterize these properties. μ and σ are defined as:
where O(e i , e j ) denotes the orientation angle between e i and e j . In practice, we only reserve the candidates whose μ < π 32 and σ < π 16 . Through the above two constraints, the false text line candidates are excluded, but there are still some redundant candidates. To further remove the redundant candidates, a standard non-maximum suppression is applied to remaining candidates, and the score that used in non-maximum suppression is defined as the sum of the score of all the centroids.
Experiments
To fully compare the proposed method with competing methods, we evaluate our method on several recent stan- dard benchmarks: ICDAR2013, ICDAR2015 and MSRA-TD500.
Datasets
We evaluate our method on three datasets, where the first two are multi-oriented text datasets, and the third one is a horizontal text dataset. MSRA-TD500. The MSRA-TD500 dataset introduced in [29] , is a multi-orientation text dataset including 300 training images and 200 testing images. The dataset contains text in two languages, namely Chinese and English. This dataset is very challenging due to the large variation in fonts, scales, colors and orientations. Here, we followed the evaluation protocol employed by [29] , which considers both of the area overlap ratios and the orientation differences between predictions and the ground truth. ICDAR2015 -Incidental Scene Text dataset. The IC-DAR2015 -Incidental Scene Text dataset is the benchmark of ICDAR2015 Incidental Scene Text Competition. This dataset includes 1000 training images and 500 testing images. Different from the previous ICDAR competition, in which the text are well-captured, horizontal, and typically centered in images, these datasets focus on the incidental scene where text may appear in any orientation and any location with small size or low resolution. The evaluation protocol of this dataset inherits from [14] . Note that this competition provides an online evaluation system and our method is evaluated in the same way.
Unlike MSRA-TD500, in which the ground truth is marked at the sentence level, the annotations of IC-DAR2015 are word level. To satisfy the requirement of ICDAR 2015 measurement, we perform the word partition on the text lines generated by our method according to the blanks between words. ICDAR2013. The ICDAR 2013 dataset is a horizontal text database which is used in previous ICDAR competitions. This dataset consists of 229 images for training and 233 images for testing. The evaluation algorithm is introduced by [11] and we evaluate our method on the ICDAR2013 online evaluation system. Since this dataset also provides wordlevel annotations, we adopt the same word partition procedure as we did on ICDAR 2015 dataset.
Implementation Details
In the proposed method, two models are used: the Text-Block FCN is used to generate text salient maps and the Character-Centroid FCN is used to predict the centroids of characters. Both of the two models are trained under the same network configuration. Similar to [12, 26] , we also use fine-tuning with the pre-trained VGG-16 network. The two models both are trained 20×10 5 iterations in all. Learning rates start from 10 −6 , and are multiplied by 1 10 after 10 × 10 5 and 15 × 10 5 iterations. Weight decays are 0.0001, and momentums are 0.9. No dropout or batch normalization is used in our model.
All training images are harvested from the training set of ICDAR2013, ICDAR2015 and MSRA-TD500 with data augmentation. In the training phase of the Text-Block FCN, we randomly crop 30K 500 × 500 patches from the images as training examples. To compute the salient map in the testing phase, each image is proportionally resized to three scales, where the heights are 200, 500 and 1000 pixels respectively. For the Character-Centroid FCN, the patches (32 × 256 pixels) around the word level ground truth are collected as training examples. We randomly collect 100K patches in the training phase. In the testing phase, we rotate text line candidates to horizontal orientation and proportionally resize them to 32 pixels height. For all experiments, threshold values are: T 1 = 0.5%, T 2 = 3.
The proposed method is implemented with Torch7 and Matlab (with C/C++ mex functions) and runs on a work- spectively, outperforming all other recent methods only designed for horizontal text.
The consistent top performance achieved on the three datasets demonstrates the effectiveness and generality of the proposed method. Besides the quantitative experimental results, several detection examples under various challenging cases of the proposed method on the MSRA-TD500 and IC-DAR2013 datasets are shown in Fig. 10 . As can be seen, our method successfully detects the text with inner texture in Fig. 10 (a) , non-uniform illumination in Fig. 10 (b) (f), dot fonts ( Fig. 10 (e) ), broken strokes ( Fig. 10 (h) ), multiple orientations (Fig. 10 (c) , and (d)), perspective distortion ( Fig. 10 (h) ) and mixture of multi-language ( Fig. 10 (g) ).
Impact of Parameters
In this section, we investigate the effect of parameters T 1 and T 2 , which are used to extract MSER components for computing text line candidates. The performance of different parameters is computed on MSRA-TD500. Fig. 12 (a) and Fig. 12 (b) show how the recall of text line candidates changes under the different settings of T 1 and T 2 . As we can see, the recall of text line candidates is insensitive to the change of T 1 and T 2 in a large range. This proves our method does not depend on the quality of character candidates.
Limitations of the Proposed Algorithm
The proposed method achieves excellent performance and is able to deal with several challenging cases. However, our method still has a great gap to achieve a perfect performance. Several failure cases are illustrated in Fig. 11 . As can be seen, false positives and missing characters may appear in certain situations, such as extremely low contrast ( Fig. 11 (a) ), curvature ( Fig. 11 (e) ), strong reflect light ( Fig. 11 (b) (f) ), too closed text lines ( Fig. 11 (c) ), or tremendous gap between characters ( Fig. 11 (d) ). Another limitation is the speed of the proposed method, which is still far from the requirement of real-time systems.
Conclusion
In this paper, we presented a novel framework for multioriented scene text detection. The main idea that integrates semantic labeling by FCN and MSER provides a natural solution for handling multi-oriented text. The superior performance over other competing methods in the literature on both horizontal and multi-oriented text detection benchmarks verifies that combining local and global cues for text line localization is an interesting direction that is worthy of being studied. In the future, we could extend the proposed method to an end-to-end text recognition system.
